Abstract -Emerging online educational communities provide spaces for teachers to find resources, create instructional activities, and share these activities with others. Within these online communities, individual users' activities may vary widely, and thus different user types can be identified. In addition, users' patterns of activities in online communities are dynamic, and further can be affected by dissemination activities. Through analyzing usage analytics in an online teacher community called the Instructional Architect, this study explores the influences of dissemination activities on the usage patterns of different user types. Results show that dissemination activities can play an important role in encouraging users' active participation, while the absence of dissemination activities can further increase participation inequality.
I. INTRODUCTION
EACHERS increasingly rely on the Internet to find online learning resources, create instructional activities using these resources, and then share these with others [1] - [4] . To help teachers in these tasks, several web-based tools, such as the Instructional Architect, the Curriculum Customization Service, and Tapped In, have been developed [5] - [7] . These tools are designed to help teachers' knowledge building processes, as well as to help support the development of online educational communities [8] .
In an online educational community, a virtual space is provided for teachers and learners to seek information, ask questions, and interact with one and another [9] . In general, an online educational community contains the following four elements: people who create content and connect with each other, computer systems that mediate people's activities, policies that guide people's activities, and purposes that provide reasons and motivations for people to participate [10] . People participating in an online educational community typically have shared purposes, but their actual activities in the community can vary widely. For example, some teachers may actively collect resources and design instructional activities using these resources, some may willingly share their resources and teaching activities with other users, while others may simply engage in viewing other users' activities [11] , [12] .
As people engage in these different activities, they can be categorized into different user types. At a high level, two main categories of users have been identified in online communities: lurkers, who take on more non-participatory roles and principally view other members' activities and products; and contributors, who take on more active roles, create new content, and share with the community [13] , [14] . Prior research has also detected that the lurker-contributor ratio in communities is often skewed, with substantially more lurkers than contributors [1] , [14] , [15] , [16] .
Further, patterns of activity over time in online educational communities are dynamic, resulting in different developmental paths [17] . For example, over time, one online community may thrive and grow with more user activity, while another may shrink (or even die) with fewer users and less participation [18] . Additionally, as time passes, some lurkers may follow a trajectory toward becoming contributors in a community [19] .
However, despite prior research on characterizing user typologies in online educational communities, less work has focused on understanding user activity patterns, the evolution of patterns over time, and the resulting dynamics of online educational communities. As such, in this article, we report results from applying techniques from the emerging field of learning analytics to analyze usage patterns in an online educational community for teachers, called the Instructional Architect (IA.usu.edu). Understanding the evolution of user activities and the dynamics of a community is complex, as the analysis revolves around mining the massive amounts of data automatically generated by the community [7] , [22] . Techniques from learning analytics offer approaches for analyzing these kinds of data, such as comparing users' number of logins and visit duration, analyzing user-generated content, and examining the relationships between users [23] , [24] . Outcomes of such research can provide suggestions for dissemination activities that can promote particular users' activities in order to enhance the development and sustainability of online communities [20] , [21] .
In particular, this article reports results of longitudinal analyses of usage data automatically collected by the IA over two full school years. During the first school-year period , the development team conducted extensive dissemination activities; however, these had ceased by the second school-year period . In this way, we explored the influences of dissemination activities on different IA user types, and whether these typologies changed after dissemination activities ended. By comparing the analytics of different user types during and after dissemination, this study identified which user types and what kind of activities were most affected when dissemination activities ended, thus providing insights on the sustainability of online communities.
II. THEORETICAL CONTEXT

A. Online Educational Communities
Online educational communities have become an important part of teachers' lives, in that they can help teachers' seek instructional resources and interact with other teachers [13] , [25] . Like any community, these online educational communities have different life cycles.
Researchers have provided a variety of definitions and descriptions of these life cycles. For example, [20] defined three stages in the life cycle: starting the online community, encouraging early online interaction, and moving to a selfsustaining community. [18] divided the life cycle into five stages: inception, creation, growth, maturity, and death.
Although the definitions are different, researchers have identified similar development trajectories in the evolution of online communities. For example, in the early stage of an online community, the technological components are developed and groups of users with similar purposes and needs begin to create content and/or interact with each other. At maturity or the self-sustaining stage, the community may have a large number of members and a large repository of content [18] .
In addition, in analyzing the life cycles of communities, researchers have also focused on the role that dissemination plays in the development of communities. They noted that dissemination activities are important in encouraging users' early participation and interaction, in maintaining their interests over time, and in supporting the sustainability of communities [20] , [18] , [26] .
In this vein, researchers have identified factors that can influence the development and sustainability of online community. For example, [27] listed two factors: the creation of content and the interaction between users. [9] analyzed two factors that appeared to determine the success of online communities: usability (how people can access, create, and use content), and sociability (how users can interact).
B. Users in Online Educational Communities
Research has also focused on identifying different user typologies based on users' participation practices in an online community. For example, [15] categorized users of the Instructional Architect based on their activity patterns using a probabilistic clustering algorithm. Results revealed three types of user groups, where each group had characteristic patterns in terms of its frequency in creating, viewing, and sharing content. Similarly, [16] investigated usage patterns in the Curriculum Customization Service by analyzing users' clickstream data. They found that some user types were characterized by viewing many interactive resources and shared resources, while other types were spending more time on viewing instructional materials and assessments.
By reviewing user patterns across several different online communities, [14] proposed the "90-9-1" rule. This rule divides users into three groups: 1) approximately 90% of the users are lurkers, who view other users' resources and products but do not contribute; 2) 9% of the users are intermittent contributors; and 3) 1% of the users are heavy contributors, who participate heavily and create most of the content in the community.
This "participation inequality" rate has been observed in several online communities. For example, [28] investigated the distribution of contributions made by authors in Wikipedia, and found that less than 10% of the total number of authors created more than 90% of the content. In analyzing usergenerated content in nine popular websites (e.g., Amazon book review, Merlot.org, Slideshare.net), [29] found that the distribution of user-generated content similarly followed a "long-tail" distribution, thus providing further evidence of participation inequality.
This "participation inequality" phenomenon results in a skewed lurker-contributor ratio, as well as the "free riding" problem. In this phenomenon, users benefit from other users' activities without contributing anything in return [30] . If many users become "free riders" (or lurkers) in a community, participation and the number of resources created in the community will grow slowly, which may in turn negatively affect users' interest as well as the overall sustainability of the community [31] .
To further examine participation inequality and the potential free riding problem, researchers have studied why lurkers may behave this way. Reasons for lurking include a desire for users to get to know the norms of a community before becoming contributors, a lack of familiarity with the community, a lack of reasons for contributing content, and technology barriers [11] , [13] . In addition, by comparing lurkers and non-lurkers' activities, researchers have found that non-lurkers tend to have a desire for a greater variety of activities, such as getting answers to questions, participating in conversations, or offering expertise [11] .
It is also important to note that users' activities in the communities often change over time. For example, lurkers can begin to create and share their products once they become more familiar with the functions of the online community and build trust with other users. Non-lurkers can become lurkers as they gradually lose interest or their needs are satisfied [18] . Thus, understanding how the activities of different types of users evolve over time, especially in response to changes in support or dissemination activities within the community, are needed.
III. TECHNOLOGICAL CONTEXT
The technological context for this study is the Instructional Architect (IA). The IA is a free, web-based tool that was first launched in 2001. Using iterative design approaches, the tool was improved several times and development stabilized in 2005, before the data were collected for the present article.
The IA enables teachers to use online educational resources to create, publish, and share instructional activities (called IA projects) within the IA online community [5] , [32] . Figure 1 shows an IA project created by a teacher. This IA project, on the topic of the "Underground Railroad", provides text, maps, and links to supporting resources. Within the IA online educational community, users can engage in many different activities. Without logging in, any user can browse IA projects created and shared by other IA users. After logging in, a user can also collect online resources in his/hew own personal repository of online resources by using the 'My Resources' area of the IA to search for and save online resources from existing content repositories (e.g., the NSDL.org), or online content including web pages, pdf documents, or other public IA projects.
In the 'My Projects' area, teachers can create IA projects using online resources they have collected and annotate them with text. An IA project (a webpage) is then generated, which can then be used in a classroom activity. Finally, teachers can share IA projects by making them public, so that other users can easily view and copy them.
Since 2005, the IA has approximately 7,900 registered users, who have gathered over 75,600 online resources and created over 17,300 IA projects. Since August 2006, public IA projects have been viewed over 2.5 million times.
IV. RESEARCH DESIGN
A. Research Design
This study analyzed the usage log files automatically collected by the IA in order to examine the evolution of the activity patterns of different user types. Two different time periods were examined: one in which dissemination activities were ongoing, and the other in which they had ended.
Since the launch of the IA, developers and researchers have taken many approaches for disseminating the tool to teachers. These included advertising online, offering teacher professional development workshops, and presenting at conferences. [32] . For example, between 2007 and 2011, a series of teacher workshops were conducted in several U.S. states, including South Dakota, Illinois, New York, and Utah. The workshops familiarized teachers with the IA, showed them how to design IA projects, and encouraged them to integrate these IA projects in their teaching.
In To examine the influence of dissemination activities on IA users types, this study compared the activities of different IA user types during two time periods: 1) the "active dissemination" period (9 months between 09/01/2009 -05/31/2010), in which developers engaged in active dissemination activities, and 2) the "no dissemination" period (9 months between 09/01/2012 -05/31/2013) in which dissemination activities had ended. Note that the nine-month period corresponds to the school year of U.S. teachers, our target users. It is also noteworthy that the activities we analyzed are IA users' naturally occurring behaviors, and not those of users specifically recruited to participate in a research study.
Specifically, this study had two research purposes: examining 1) how the IA community evolved and changed during and after dissemination activities, and 2) more specifically, how the activities of particular subsets of IA users also changed after dissemination activities ended. To align with these purposes, different user groups and data sources were used to address two research questions (see Table 1 ):
1. How did the activities of IA visitors change between the "active dissemination" period and the "no dissemination" period? 2. How did the activities of lurkers and active contributors change between the "active dissemination" period and the "no dissemination" period? Usage activity in the IA is automatically collected by two complementary data sources: Google Analytics (GA) and the relational database powering the IA site (IADB). As a Google service, GA records the activities of all users in the IA website (which we call IA visitors). In particular, GA tracks visitors to the IA website, regardless of whether they have an account. In this analysis, we used seven metrics collected by GA (see Table 2 ) to analyze the activities of IA visitors. 
# of unique visitors
Number of unduplicated (counted only once) visitors to the website within a date range.
# of page views
Total number of pages viewed, including repeated views of a single page.
Pageviews per visit
The ratio of total number of page viewed to number of visits.
Average visit duration
Average duration of a visit measured in seconds.
Bounce rate Percentage of single-page visits (users who visit only one page of the website and then leave)
Note. Descriptions provided by Google Analytics. In contrast, the IADB records the activities of individual users who have registered for an account in the IA website. Using this data, we defined three categories of IA users for a particular time period: lurkers, who did not create IA projects; contributors, who created but did not share IA projects; and active contributors, who created and shared IA projects. In this analysis, we focused on two user types -lurkers and active contributors, and analyzed five metrics collected by the IADB capturing the activities of these users (see Table 3 ).
Also note that based on users' activities collected by IADB and GA, we assume that lurkers and active contributors are primarily teachers, while IA visitors come for the general Internet user base.
V. RESULTS
A. RQ1: Influence of Dissemination Activities on IA Visitors
Using the analytics from GA, Figures 2-8 compare the activities of IA visitors during the "active dissemination" and "no dissemination" periods (averaged monthly over the time period). Table 4 compares the activities of IA visitors averaged daily over these two time periods. The comparisons are made in terms of key GA analytics: the number of visits, new visits, unique visitors, pageviews, and pageviews per visit, as well as visit duration and bounce rate. Due to non-normal distributions of the data, the MannWhitney test was used to compare whether visitors' activities between these two time periods were significantly different. As suggested by Figure 2 , the overall number of visits did not differ significantly between these two time periods (U = 37129.50, p = .94). This suggests that dissemination activities had little effect on the overall number of visitors.
However, the number of new visits, the number of unique visitors, and the bounce rate all increased significantly during the subsequent "no dissemination" period (U = 24773.50, p < .001; U = 29879.00, p < .001; U = 29916.00, p < .001). In contrast, the number of pageviews and pageviews per visit, as well as average visit duration decreased significantly (U = 26917.50, p < .001; U = 12897.50, p < .001; U = 25048.00, p < .001). Taken together, these results suggest that while the overall number of visits stayed even between periods, the "active dissemination" period was characterized by more engaged visitors.
Note that one task of the IA is to help users to find useful online resources, and thus many IA projects contain links that lead users to resources outside the IA website (therefore inflating the bounce rate). It is plausible that the subsequent, "no dissemination" period was populated by more savvy users, who were quickly able to find desired resources. This would help explain the overall similar number of visits, coupled with decreased number of pageviews, visit duration, and higher bounce rate during this period. Table 5 compares the number of lurkers and active contributors between the two time periods, using analytics from the IADB. Recall that lurkers are defined as users who created an IA account but did not create any IA projects during the given time period. Active contributors are defined as users who created and shared IA projects during the given time period.
B. RQ2: Influence of Dissemination Activities on Lurkers and Active Contributors
As shown in Table 5 , after the dissemination activities ended, the number of lurkers increased while the number of active contributors decreased. Note that the number of active contributors in the "active dissemination" period was about six times greater than during the "no dissemination" period, suggesting that dissemination activities may have helped encourage users' active participation. The large drop of active contributors during the "no dissemination" period may exacerbate the free riding problems, as only a very small portion of users contributed IA projects during this period. In addition, a large increase can be seen in the lurker-active contributor ratio. This suggests that ceasing dissemination activities can lead to a more skewed lurker-active contributor ratio and thus aggravate participation inequality. Table 6 compares lurkers' mean number of logins between the two time periods, which significantly decreased after dissemination activities ceased (U = 1.20, p < .001). This suggests that during the subsequent "no dissemination" period, lurkers were less likely to log in, and thus less likely to make use of features in the IA community.
Evolution of Lurkers
As can also be seen, the number logins for lurkers was very low. Note that one function of the IA community is to facilitate teachers' browsing existing IA project, and login is not required to view IA projects. As such, the low number of logins does not necessarily mean that lurkers viewed fewer projects or became inactive -they may simply have chosen to view IA projects without logging in. Unfortunately, our analytics do not enable us to track visitors who do not log in at the individual user level.
Evolution of Active Contributors
Compared to the "active dissemination" period, all five metrics for active contributors at the aggregated level declined during the "no dissemination" period. As can be seen from Table 7 , they had fewer logins, created fewer IA projects, shared fewer IA projects, copied fewer IA projects from other users, and used fewer online resources in their IA projects.
However, a closer examination of active contributors' individual activities revealed a different picture. As shown in Table 8 , during the "no dissemination" period, active contributors on average had significantly fewer logins (U = 21531.00, p < .05), and used significantly fewer online resources (U = 21269.00, p < .05). However, each active contributor on average created significantly more IA projects, shared significantly more of these, but copied significantly less (U = 18826.00, p < .001; U = 16673.50, p < .001; U = 20974.50, p < .001). In sum, after the dissemination activities ended, the number of active contributors significantly declined, with a corresponding decline in the number of IA projects created, shared, and copied, and resources used. However, the remaining active contributors on average increased their levels of engagement in the community by creating and sharing significantly more IA projects.
VI. DISCUSSION AND CONCLUSION
This article described a study that examined the analytics automatically collected by usage logs in order to compare user activity patterns in an online educational community during and after dissemination activities. This study first provided an overall view of the community by exploring changes in IA visitors' activities during the two time periods. Second, this study focused on two types of IA users -lurkers and active contributors -and compared the dynamics of their activities in the community during the two time periods.
In comparing activities of IA visitors between the "active dissemination" and "no dissemination" period, we noted that the number of new visits and the number of unique visitors increased. This suggests that even though dissemination activities ended, the IA website attracted a growing number of new visitors and thus increased its audience size. This also suggests that users continue to find the IA online community useful for their tasks. However, during the subsequent "no dissemination" period, the number of pageviews, pageviews per visit, and average visit duration decreased --IA visitors viewed fewer IA projects and spent less time per visit. This could suggest that IA users are becoming more efficient in discovering information they desire. Alternatively, it could indicate that many IA projects were not visited, which makes content discovery a problem. Thus, the IA developers may consider user interface enhancements to recommend IA projects to users, so as to increase the number and variety of IA projects viewed by users [24] .
We then compared users who have created an account in the IA in terms of two types of users: lurkers and active contributors. During the subsequent "no dissemination" period, the lurkers' number of logins decreased significantly, suggesting that they were less likely to consider themselves as members of IA community [11] .
In comparing active contributors during the two time periods, we found that the number of active contributors dropped considerably during the "no dissemination" period. This resulted in an overall decrease in the amount of new content created in the community. However, on average, the remaining active contributors were much more engaged: they created more IA projects, and shared a higher percent of their IA projects. Thus while participation inequality increased after dissemination, the remaining active contributors were, plainly stated, more engaged contributors.
In sum, dissemination activities appear to play an important role in encouraging users' active participation in the IA community. With the absence of dissemination, while the overall number of visitors did not decrease, the lurker-active contributor ratio increased in the IA community. That is, participation inequality increased. Yet, those that remained active were more engaged contributors. Thus, at least for the IA community, it appears that dissemination is important in decreasing participation inequality and in increasing lurkers' sense of community, thereby contributing to the sustainability of the online community.
In conclusion, this study contributes to our understanding of how dissemination activities can influence the evolution of different user types in an online community. In addition, it shows how different kinds of analytics data can be used to help understand the dynamics of different user types. This, in turn, can help inform strategies for attracting new users, increasing the loyalty of existing users, and improving existing communities [12] . However, as this study only focused on one online educational community and contrasted user analytics during two relatively short time periods (9 months each), future research is needed.
